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Recent Advances in Zero-Shot Learning

LAN Hong FANG Zhiyu
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Abstract: Deep learning has shown excellent performance in the field of artificial intelligence. In the supervised
identification task, deep learning algorithms can achieve unprecedented recognition accuracy by training
massive tagged data. However, owing to the high cost of labeling massive data and the difficulty of obtaining
massive data of rare categories, it is still a serious problem how to identify unknown class that is rarely or never
seen during training. In view of this problem, the researches of Zero-Shot Learning (ZSL) in recent years is
reviewed and illustrated from the aspects of research background, model analysis, data set introduction and
performance analysis in this article. Some solutions of mainstream problem and prospects of future research are
provided. Meanwhile, the current technical problems of ZSL is analyzed, which can offer some references to
beginners and researchers of ZSL.
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A (True Negative, TN). Fiix Fll 71 Ff 4% (False
Negative, FN), I

SRS ORI RIFEAR S B
AP, BEBE, THhREELT,

_ TN + TP )
TP + TN + FN + FP

FERAZE . TN IEREAS R RE A h HUIE N IEREA

o BT EE A3

acc

TP
precision = TP FP (3)
HEIE: IEREAH B B TR IERE AR B H A
TP
recall = TP + FN (4)

Ak, & DU AU CRER & VAL 1
RE, I AR EDW R R 2 BRI IR B Y
KRS AR AR, A LM HF-Measuer
XJprecisionflrecal AL FF3, W=k (5) i,
Hroa=1, NZHEWLBF1ER.
(a? 4 1)Precision - Recall (5)

a?(Precision + Recall)

XSRS E SR =, A PR SR AR N
Flat hit @ k(f@k)M Hierarchical precision @
k(hp@k).

fQk: BRI AT A KR & H H ek

F =
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i 25 00 DN s A2 B AN M AR I B 2 B )
H, fQIZFM TG 7 A

HpQ@k: A58 FU A T kAN KBRS 928
PR AN BOE AR P ER . BAARCRUL, X
TAEBELKRE, % MNmageNet AR E L+
pviod: O = S R O/ @ o = R i 1B ) 5 g
MEBEE.

4.2.2 BEEEHKFEIVSZUTHFRES]

R EFEAR 22> (conventional Zero-Shot
Learning, cZSL)/Z&¥87ESLL0 M BAAE H T 2028 )11 25
B, A A R AR M A s V2 A TR AR 2
(generalized Zero-Shot Learning, gZSL) A4
DA 9 A E NOOK B ARENE, T AL
5 1) S R A A8 st A PR A 8 (IR B4 T DR T
FrA K AR R RK), W& H TR 3R
SIS PPN E T %

—UISEH B ) RGN % BERERS 1
Mo RN, NRedEmIHL X o AR HIZE. EAMETT
AX R R R B T C At 2Rk, W
AT LA A5 U0 G T CL R R B A0 2 [y s A
Ytk . ABR TG TR A S ST AR B Bl
T, AN REE SE R WL St S AR ) 11
5 N T RPN T REAC S S A AE SR I
ITERE, ZABAEA T S AN AT P,

AR, RTZAFREA S 2] K T W o7
FHEM, 20164 HChaos AP kFEL, Songss
B AN FHTE T v B I ) B A A QF SL
(Quasi-Fully Supervised Learning), A 2UffER 1%
FEA S I ) 3 e 22 [

4.3 FRIEBMEETEL 5T
AR SCIE I LA BB 1) A0 5 1 SR AR 2 S A Y

S IIEAL G EREAR S S FIZ AL BREA S S W E Rt
ITBIRIVEREXT L, N T T Gt & BAY 1) P Re 2L
P, BSCEIT RS IR &) 2 1
3N, Al NAwA, CUBMISUN. Xt Eb¥diE
VRT3 F B 0 J s 50 A v S SR I F A A
MgE R, BARmR3FR.

i B8 T RE A S ) P B L RGE BRI AN B AL TR bR Xt
FERVEBEREAT 0 M, oSSR AR B SELE bRt 4>
FOU R A2 R RE RS, PSR R B sS4 SCHik[13]
73 B S A3 BN R RE B . DT &S SR mT BLK
Ble (1) A% T3k 2 BHGRRAE 1B B P B L5 e 45
16, 4 IR BT 2 B e 28 X 4% 2 B PR ) IR FEE AR A
Ja, VERERIEEESRTE; (2) FREA S S T HURL
BEAE I HERE A TR FE B 48, fER P RIA
FAEALE Aw AR S E A TERES K TAECUBAN
SUN#HE£E I RE

PALTEREA S S M g L AR B3N B AL TR AR X
PERIVEREHEAT 00, HhU — TRIRBEINR B
KEFRFA, BEFAENGRPIATRA, ST
FRB IR E S R 3T Ok, BERTE 53K
AT IR, HE R T Mt b gh 5] b
R (D) KZEATEZUEREARETEE T
PEREFR bR EDAELAR, XU TR B S 1%
BT ERENEEE, RAER ST 324 I st
FH oy RGN (2) QFSLAERI/EZ AbRE /L2 2
U T HARAY, TR s T EE R A
B, BT DA TR 358 B T R EE O A R M 2 1
HiEE Z iz b

SE G RIMHEIEAME LRI, QFSLIEAL G FF
A S RN A FRE AR 2 ) BB 3 AT R B,
1M L STk [543 i X6t b 22 P s IR B 1 SR FH B E X

* 3 TREAFEIMRELEE (%)

R TR AT EEREAES]

Jik AwA CUB SUN AwA CUB SUN
SS PS SS PS SS PS U—-T S—T H U—T S—-T H U—T S—>T H
IAP 46.9 35.9 27.1 24.0 17.4 194 0.9 87.6 1.8 0.2 72.8 0.4 1.0 37.8 1.8
DAP 58.7  46.1 37.5 40.0 38.9 39.9 0.0 84.7 0.0 1.7 67.9 3.3 4.2 25.1 7.2
DeViSE 68.6 59.7 53.2 52.0 57.5 56.5 17.1 74.7 27.8 23.8 53.0 32.8 16.9 27.4 20.9
ConSE 67.9 44.5 36.7 343 44.2 38.8 0.5 90.6 1.0 1.6 72.2 3.1 6.8 39.9 11.6
SJE 69.5 61.9 55.3 53.9 57.1 53.7 8.0 73.9 14.4 23.5 59.2 33.6 14.7 30.5 19.8
SAE 80.7 54.1 33.4 33.3 42.4 40.3 1.1 82.2 2.2 7.8 54.0 13.6 8.8 18.0 11.8
SYNC 71.2 46.6 54.1 55.6 59.1 56.3 10.0 90.5 18.0 11.5 70.9 19.8 7.9 43.3 13.4

LDF 83.4 70.4

SP-AEN - 58.5 - 55.4 - 59.2 23.3 90.9 37.1 34.7 70.6 46.6 24.9 38.6 30.3
QFSL 84.8 79.7 69.7 72.1 61.7 58.3 66.2 93.1 774 71.5 74.9 73.2 51.3 31.2 38.8
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SRR 2 [ A 1
5 FARMER

TREAR S RAAEAR G B 2 2] Bk RISk, {H
NANEFAEG B2, B EE R Mm%
REAY AR RN RS LI AR RIS . BT LLRR
TAEEAL G B 2 o) [ B A A, 22
ATAERI 70 i F2 R B A 2 =) I Re A 103 I
FEHE3FM

(1) FUSER B0 5T 8 M A i S & 1)
BN, 24— R R A F 2R, M
HE 22 ik 7] B 22 BIAR K5, 40 &6 7 o B 2 R0 6
HREMEME, (H2PE KRR 2R
ize, S B I S R I S R AR I A 1
W o H AT EAT IR RS R i BE S 1
FEARFIE AR 2, XA ) BB s RE R 2
15 2. I CHER[56) 32 HHSAERERY, 3 it 7504 5] 5
St AR — AN E gmAges, AT AR R ATIEREE RS
I R

(2) WAL fEmgEs i, Fu b Sk
22 K0 BRI A A, 3K v 4 4 () H A e R
P T — R FE A AR 2 S R A 48 4y R A ) A2 K-
NNEZE, Fr LUK AL AT 1) ™ i o K5 . 1%
] R T RAE WA, — R AR I [F ) 7
vy AR I TR VA 1S Ly W s A 1)
W, SCHR[57)UERE T 2L 04 [mIA /) 75 v 25 N 1% i)
R, SR FH oS0 AR S 5 AT DA B AR R A A )
TRl AR AR R ([ w2 PO 0S R G ANSE ) A

RROREA, HE B REASE SR L S50 M 143 8
PR, 388G K-NNHfE, TR AR LA R

(3) W XIR: T FRRL IR A P (2 5 %
ARSI LRI IR, BHRASIE
) 5 U P B A B, SR
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I, TR, Li% ARt T X R
WAR, RMESEBLX, — KB, Wi R
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